Abstract. We release two datasets that track the enhanced landsliding induced by the Mw 7.9 2008 Wenchuan earthquake over 10 a portion of the Longmen mountains, at the eastern margin of the Tibetan plateau (Sichuan, China). The first dataset is a geo- well-monitored event, we provide detailed information on rainfall, discharge, flow depth and density. The datasets can be used to analyse, at various scales, the patterns of enhanced landsliding caused by the earthquake. They can be compared to inventories relative to past or new earthquakes or other triggers to reveal common or distinctive controlling factors. To our knowledge, no other inventories that track the temporal evolution of earthquake-induced mass wasting have been made freely available thus far. Our datasets are available at https://doi.org/10.5281/zenodo.1405490. We also encourage other researchers 20 to share their datasets to facilitate research on post-seismic geological hazards.
2012; Huang and Fan, 2013; Fan et al., 2018b) and generate large flow-like landslides (Xu et al., 2012; Liu et al., 2014; Hu et al. 2017 Hu et al. , 2018a Hu et al. , 2018b Hu et al. , 2018c . The earthquake-induced enhanced weakening and weathering of rock and soil masses will also cause delayed slope failures and sustain high erosion rates for a long time (Koi et al., 2008; Okamoto et al., 2012; Parker et al., 2015; Fan et al., 2017a Fan et al., , 2018d Massey et al., 2018; Scaringi et al., 2018) . These processes are a major source of hazard to the population and the infrastructure. Earthquake-triggered chains of geohazards are major contributors to the tolls of 5 damage and fatalities and to the costs for reconstruction and recovery of the socioeconomic fabric after large earthquakes (Huang and Fan, 2013; Wang et al., 2014; Cerè et al., 2017) .
Observations on the evolution of mass wasting after recent major earthquakes reveal a peak of landslide rates (remobilisations of coseismic landslide deposits and post-seismic landslides) soon after the earthquakes, followed by decay and normalisation within less than a decade (Fan et al., 2018a; Hovius et al., 2011; Zhang et al., 2016; Zhang 10 and Zhang, 2017) . The reasons for this normalisation, which seems quicker than that of the sediment export by non-landslide processes (Ding et al., 2014; Wang et al., 2015 Wang et al., , 2017 , are still poorly understood. Various processes, such as the progressive depletion of the debris, grain coarsening and densification, restoration of the vegetation cover and bedrock healing have been shown to play a role (e.g., Shieh et al., 2009; Zhang et al., 2014; Hu et al., 2018c; Marc et al., 2018; Yang et al., 2018) . Analyses of complete inventories that track the decay of landslide rates, together with laboratory and field-scale investigations and 15
physically-based models, can certainly provide further insights.
Multi-temporal inventorying of landslides
Landslide mapping and inventorying at various scales are fundamental tools to investigate the spatial patterns of mass movements, track their evolution and reveal topographic, seismic, geological, hydrological, climatic, biological and anthropogenic preconditions and controls to their distribution and fate (e.g., Guzzetti et al., 2002 Guzzetti et al., , 2009 Guzzetti et al., , 2012 Galli et al., 20 2008; Harp et al., 2011; Parker et al., 2015; Gariano and Guzzetti, 2016; Broeckx et al., 2018) . Coseismic landslide inventories are compiled after major events with increasing quality and completeness (Keefer, 2002; Schmitt et al., 2017; Tanyas et al., 2017) . They are fundamental for assessing the extent of the earthquake-affected areas and drive the post-earthquake emergency response, and can also provide information on the earthquake mechanisms (Gorum et al., 2011; Fan et al., 2018c) . Besides, complete and detailed inventories are necessary to evaluate the landscape response to earthquakes quantitatively, and to 25 calibrate descriptive and predictive models effectively (Xu et al., 2014; Marc et al., 2016a Marc et al., , 2016b Marc et al., , 2017 . Several coseismic landslide inventories have been released and some of them have been collected into a common repository (Schmitt et al., 2017) . This will promote standardisation of data collection and presentation and will facilitate metaanalyses and modelling efforts greatly.
Landslide inventories that cover several temporal scenes before and after major earthquakes are much less common. The 30 interest around the temporal evolution of landsliding after major earthquakes has increased greatly in the past decades, particularly after the 1999 Mw 7.7 Chi-Chi earthquake and the 2008 Mw 7.9 Wenchuan earthquake (Dadson et al., 2004; Fan et al., 2018a Fan et al., , 2018b Lin et al., 2008; Saba et al., 2010; Hovius et al., 2011; Tang et al., 2016; Yang et al., Earth Syst. Sci. Data Discuss., https://doi.org/10.5194/essd-2018-105 , 2018 Zhang et al., 2016; Zhang and Zhang, 2017) . Research has been facilitated by the increased availability of frequent and high-resolution remote sensing images (Fan et al., 2018b) , and by near real-time monitoring networks (Huang et al., 2015) .
However, to our knowledge, none of the multi-temporal inventories of post-seismic landslides compiled so far have been released to open repositories. With this paper and the related datasets, we wish to share our mapping work and monitoring data to facilitate further analyses and meta-analyses by the research community. We also wish to encourage other researchers to 5
share their data, with the aim of building a collection of datasets that will help advance the knowledge in the field.
Study area
Our datasets cover portions of the region affected by the Mw 7.9 Wenchuan earthquake at various levels of detail ( Figure   1 ). The earthquake hit the Longmen mountains (Longmenshan) in west Sichuan, China, at the eastern margin of the Tibetan plateau on May 12 th , 2008, with a fault rupture that propagated from the epicentre along the range for about 240 km (Gorum 10 et al., 2011; Huang and Fan, 2013; Fan et al, 2018b) . Details on the tectonic setting of the Longmenshan and on the Wenchuan earthquake mechanisms, as well as geological and geomorphological characterisations of the region, can be found in several earlier works (Chigira et al., 2010; Qi et al., 2010; Dai et al., 2011; Gorum et al., 2011) to which the reader is referred for further information.
According to a recent inventory (Xu et al., 2014) , the Wenchuan earthquake triggered almost 200,000 coseismic landslides 15 over an area larger than 110,000 km 2 . The total landslide area was estimated in about 1,160 km 2 (Xu et al., 2014) , and the total landslide volume in the order of several km 3 (Parker et al., 2011; Li et al., 2014; Xu et al., 2014 Xu et al., , 2016 . Rain-induced post-seismic failures of deposits of coseismic debris, often evolving into catastrophic debris flows and floods, have been occurring frequently since after the earthquake (Tang et al., 2009 (Tang et al., , 2012 Xu et al., 2012; Guo et al., 2016 Guo et al., , 2017 
Inventory of landslides 5
Our multi-temporal inventory of pre-and coseismic landslides, post-seismic remobilisations and new failures covers a significant portion of the earthquake's epicentral area. It is the largest area affected by the Wenchuan earthquake that has been covered by a detailed multi-temporal landslide inventory thus far (Fan et al., 2018a) . The area comprises 42 catchments over 462.5 km 2 from the town of Yingxiu (the epicentre) to the town of Wenchuan (Figure 1b) . It has been affected by coseismic landslides with a total volume of 0.8-1.5 billion m 3 , according to empirical area-volume scaling relationships (Parker et al., 10 2011; Xu et al., 2016) .
The region has rugged mountains with elevations that climb rapidly from 420 m a.s.l. in the main river valley to over 4,000 m a.s.l. on the mountain ridges. The slopes are generally steep, with more than half of them being steeper than 36º. Two of the main faults of the Longmenshan, the Wenchuan-Maowen and the Yingxiu-Beichuan faults (e.g., Qi et al., 2010) . 5
Inventory of debris flows and triggering rainfalls
The dataset of debris flows and their triggering rainfalls covers 16,959 km 2 , from the epicentre (near the town of Yingxiu)
to the edge of the thrust-dominated portion of the seismogenic fault rupture (near the town of Beichuan). In this region, 527 debris flows affecting 244 catchments were identified. These catchments cover altogether about 1,581 km 2 (Figure 1c ), and spread along 177 km out of the 246 km of the fault surface rupture. 10
The study area is mountainous with elevations from 420 m a.s.l. in the river valley to almost 6,100 m a.s.l. on the ridges of the Hengduan mountains. A general northeast to southwest orientation is shown by the geological structures and the strike of the rock strata, and the bedrock outcrops are highly fractured and weathered. Most of the low-order channels are deeply cut and the slopes are steep, with a morphology that is strongly controlled by the high tectonic activity (Guo et al., 2016) . The climate is generally monsoon-influenced, with precipitations concentrated in the summer months. However large variability 15 exists within the region, with the central and southern parts receiving annual precipitations exceeding 1,200 mm and easily reaching 2,000 mm, and the western part being drier and receiving less than 800 mm/year of precipitation (Guo et al., 2016) .
The complex geology and the patterns of precipitation (with frequent rainstorms delivering hundreds of mm of rain in single events) make the area highly prone to debris flows. In the decades preceding the Wenchuan earthquake, some 250 debris flows were recorded (Cui et al., 2008) , and hundreds more were triggered after the earthquake which affected more than 800 20 streams within the first two years (Cui et al., 2011) . The characteristics of the rain events that triggered debris flows changed abruptly upon the earthquake, displaying significantly lowered critical rainfall intensity and duration, and a pattern of gradual recovery over a decadal time scale (e.g., Yu et al., 2014; Guo et al., 2016 Guo et al., , 2017 .
Data and methods
Here we provide details of the source data and the preparation of our inventories. We also include some figures and tables 25 that illustrate the contents of the inventories and some simple analyses.
Multi-temporal inventory of landslides

Imagery, mapping technique, attributes
We compiled the inventory through visual interpretation (following Harp et al., 2011) (Table 1) . We selected these scenes according to the date of acquisition, coverage, absence of clouds and resolution. The areal coverage of the images is close to 99% in 2007, 2011 and 2015, 97% in 2008, 95% in 2013, and 93% in 2005 The landslide areas were differentiated into three types: slides, debris flows and channel deposits. Slides were mapped as such if preferential movement paths could not be identified in their debris-covered deposition areas. This type comprises debris and rock slides and debris and rock falls (see Hungr et al., 2014 , for definitions of the landslide types). This simplification derives from a lack of discernibility, in the remote sensing images, between these types of movement and their combinations. 15
Differently, debris flows exhibited a finer material texture along a preferential movement path. They were found along the hillslopes and into small channels. Large amounts of accumulated debris were also found in main channels and were mapped as channel deposits. Some examples of landslide types are given in Figure 4 .
To facilitate the visualisation and comparison of some results (see Figure 3 and Figure 5 ), we defined four levels of activity to classify the landslide remobilisations, following Tang et al. (2016) . A level of activity A1 was assigned if less than 1/3 of 20 the coseismic or post-seismic landslide area displayed signs of remobilisation; a level A2 was assigned if the remobilisation involved between 1/3 and 2/3 of the area; a level A3 was assigned if the remobilisation involved more than 2/3 of the area.
Finally, a level A0 was assigned if no remobilisations were identified (i.e. the landslide was dormant or its movement was too slow to produce changes that could be seen from the available imagery). 
Uncertainties
The processes of manual mapping and interpreting landslide boundaries and types are affected by unavoidable uncertainties due to stochastic errors, variable quality of the remote sensing images, and variable experience of the mappers. 5
On the other hand, semi-automatic and automatic methods of landslide identification do not necessarily offer better performances, and can even lead to larger uncertainties when applied to very high resolution images (van Westen et al., 2006; Guzzetti et al., 2012; Pawłuszek et al., 2017) . Moreover, some semi-automatic techniques still need visual interpretation over a significant test area for calibration (e.g., Đurić et al., 2017) , and automatic methods may require a combination of images of different portions of the spectrum, or of satellite and aerial images, that should be acquired within a narrow time window to be 10 significant for a multi-temporal inventorying of fast evolving features. Such techniques are not necessarily less time consuming than the manual interpretation (Santangelo et al., 2015) .
Our mapping was carried out by five mappers who worked on distinct areas with the same set of pre-agreed rules for the identification of the landslides and their types (see also Fan et al., 2018a) . The mappers worked in close contact, interacting and discussing non-easily discernible cases. Nonetheless, we evaluated the individual performances of the mappers to make 5 an estimation of the mapping uncertainties and their propagation into further analyses. We selected a test area (a portion of a catchment), on which accurate mapping had been performed for one scene (2011), which was verified and improved during field investigation. We assumed the landslide inventory for this test area to be good enough to consider the uncertainties negligible, and we used it as a reference. We asked each mapper to produce, independently, an inventory of the same area, which we compared to the reference inventory ( Figure 6 ). We evaluated the matching degree between each mapper's inventory 10 and the reference inventory, Mn, which we defined as follows:
= ⋂
where An is the landslide area delineated by the n-th mapper and Ar is the respective area of the reference inventory. We then calculated the average matching degree of the team as follows:
where N is the number of mappers in the team. A matching degree 0.67 ≤ M ≤ 0.86 was evaluated in the test area. In average, the landslide areas matched with those of the reference inventory by 76%, and an average mapping uncertainty of ±19% in terms of total landslide area was calculated. If this same value of uncertainty is assumed for the entire study area, this will be a conservative estimate, as the uncertainties will tend to decrease with the landslide areas increasing, and the test area consisted mostly of small landslides. We believe that this uncertainty can be acceptable when performing regional scale analyses, as it 20 can be demonstrated that it does not affect the patterns of frequency-size distributions or potential controlling factors significantly (Fan et al., 2018a Table 2 . Notice that these numbers are slightly different from those published by Fan et al. (2018a) , although they referred to the same study area, because the inventory has been refined since then.
The number of coseismic deposits that were reactivated in each period, the area affected by the reactivation, the number and areas of first-failure landslides decreased significantly over time (Table 3 ). The coseismic landslides covered 124 km 2 ; only 37 km 2 had some activity (A1-A3) in 2011, while only 14 km 2 were active in 2013 and 6 km 2 in 2015. Furthermore, the 15 degree of activity of the coseismic deposits rapidly decreased and, with time, the number and areas of active slides decayed faster than that of debris flows.
The frequency-size distribution analysis (e.g., Malamud et al., 2004) 
Inventory of debris flows and their triggering rainfalls 5
Data acquisition, structure of the dataset and attributes
We compiled a dataset of debris flows which occurred after the 2008 Wenchuan earthquake until the rainy season in summer 2017. These events are associated to the recordings of rain gauges and are spread over an area of 16,959 km 2 .
The structure of the dataset is summarised in Table 4 . The dataset contains information on the locations, date and time of occurrence of debris flows, and on the rainfalls that triggered them. We included data not only for catastrophic and well-studied 10 events (e.g., Tang et al., 2012; Xu et al., 2012) , but also for smaller events that did not cause fatalities or heavy damage to the population and the infrastructure. We used a 25-m resolution digital elevation model, provided by the Sichuan Bureau of Surveying and Mapping, to define the catchment boundaries. The rainfall data were obtained from the Meteorological Administration of China, from the Meteorological Bureau of Sichuan Province, from the bureau of land and resources of
Chengdu and from the WebGIS monitoring network of the State Key Laboratory of Geohazard Prevention and 15
Geoenvironment Protection (SKLGP, Chengdu, China; see Huang et al., 2015) . These data were all recorded by automatic rain gauges.
We verified most of the debris flows included in the dataset through field investigation, literature review and interviews to the local residents. The debris flows were georeferenced through the latitude and longitude of the outlet of the catchment in which they occurred. Information on the rainfall that triggered each debris flow is provided for the rain gauges located in closest proximity to them (< 5 km). In case no rain gauges were actively recording within this distance, data from the closest rain gauge are provided. We chose to provide rainfall data with the highest resolution available (in most cases hourly rainfall, in some cases 10-minutes rainfall) for a time window starting from one week before until one day after the debris flow event.
The choice of this window should allow for the inclusion of the significant antecedent rainfall in our setting, that can be used 5 for further analyses of the triggering conditions of the debris flows. If the reader requires them, rainfall series with wider time windows can be obtained from the authors upon request.
For one catchment (Er catchment; No. 1 in Figure 1b ; Table 5 Figure 1b) , we release rainfall data for three important debris flow events (see Section 3.2.3, below), while full data series are available from the authors upon request. ascending order; "B" refers to the rain gauge identifier (RG_ID); C, D and E indicate the year, month and day of the debris flow event, respectively, and F refers to the starting time of the rain. Rain is expressed in mm. Each spreadsheet provides data from 7 days before to one day after the date associated with the debris flow event (DF_ID). Full data series are available, from the authors upon request, for further analysis. 
Uncertainties
Especially for minor debris flows, the time of debris flow occurrence may be uncertain, especially in those locations that lack proper instrumentation or eyewitnesses. Moreover, ambiguities in the definition of this time, as the debris flow has a finite duration, may occur. In this work, the time refers to the arrival of the flow at the outlet of the catchment, unless otherwise 5 stated. In most cases, the debris flows in the study area were able to travel to the catchment outlets within 1 hour from their initiation (Guo et al., 2016) , hence the time of debris flow initiation, if needed for analyses and modelling, can be estimated in this way.
Rainfall recordings from rain gauges located within or near a catchment in which a debris flow developed are not equally representative of the rainfall that actually triggered the debris flow and permitted its runout. In our dataset we decided to be 10 inclusive by using a wide buffer around the event location, not to discard some data series that may be useful for analyses of rainfall variability at local scale and to perform interpolations. However, it is worth reminding that the spatio-temporal patterns of rainfalls in mountainous areas can be extremely inhomogeneous (e.g., Nikolopoulos et al., 2014) . Significant variations may exist even within the same catchment, over distances of a few km or even just a few hundreds of metres (e.g., Smith et al., 2003; Panziera et al., 2011) , in dependence, for instance, on the variability of the elevation, slope and aspect of the area, in 15
Earth Syst. Sci. Data Discuss., https://doi.org /10.5194/essd-2018-105 combination with the local pattern of wind at the time of the rain event. Moreover, rain gauges are usually installed in valleys and channels, while debris flows originate high on the slopes (Stoffel et al., 2011) , which can generate a systematic bias. The uncertainties that derive from imperfect choices of the representative rain gauge(s) for a debris flow event have been shown to lead to large underestimations of the debris flow-triggering thresholds and to strongly limit the performance of warning systems (Nikolopoulos et al., 2014; Guo et al., 2016 Guo et al., , 2017 . Therefore, these uncertainties should be carefully estimated and minimised 5 with appropriate strategies whenever possible. Various studies, for instance, suggested the use of weather radar and satellitebased rainfall estimates to assess the representative rainfalls for debris flows Rossi et al., 2012) , but the literature featuring methods to address the issue of rainfall variability systematically is still poor (Jakob and Weatherly, 2003; Guzzetti et al., 2007; Jakob et al., 2012; Borga et al., 2014) .
Simple statistics 10
The dataset contains information about 527 debris flows which occurred in 244 catchments, and rainfall data from 91 rain gauges. Most of the debris flows occurred during the summertime heavy rainfalls of 2008, 2010 and 2013 , particularly in the counties of Wenchuan and Beichuan (Table 6 ).
In Figure 8 , examples of rainfall data series are reported for well-monitored debris flow events in Qingping, Hongchun and Er catchments (see Table 5 ). In Figures 9 and 10 , the well-monitored debris flow event in Er catchment is shown 15 (photographs, rainfall data, flow discharge, height and density). 
Data availability 5
The datasets are freely available at https://doi.org/10.5281/zenodo.1405490 (Domènech et al., 2018) . In addition to the data, the repository contains supplementary material (metadata files) that clarify the structures of the datasets, and a reference list for the data sources. 
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